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Abstract
Droughts pose a significant challenge to farmers, insurers as well as governments
around the world and the situation is expected to worsen in the future due to climate
change. We present a large scale drought risk assessment approach that can be used
for current and future risk management purposes. Our suggested methodology is a
combination of a large scale agricultural computational modelling -, extreme value-, as
well as copula approach to upscale local crop yield risks to the national scale. We show
that combining regional probabilistic estimates will significantly underestimate losses
if the dependencies between regions during drought events are not taken explicitly
into account. Among the many ways to use these results it is shown how it enables the
assessment of current and future costs of subsidized drought insurance in Austria.
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1 Introduction
The assessment and management of extreme risks, especially against natural hazards,
is a very active research area today. This is due to the fact of ever rising disaster
losses as well as respective climate change considerations (IPCC 2012; GFDRR 2016).
For example, overall disaster losses in 2017 were at astonishing 330 billion US$,
almost double the ten-year average of 170 billion US$. Additionally, losses from
weather-related natural catastrophes set a new record in 2017, with insured losses
almost three times higher than the average of US$ 49 billion (Munich Re 2018). The
observed trend is predominantly a result of more people and assets being exposed
to natural hazards (Meyer et al. 2013). However, there are strong indications that
climate change will play an important role in future increases of such losses (IPCC
2012). As a consequence, the need to actively assess and manage current and future
extreme risks is increasingly prominent in the global debate driven by various risk
bearers, including insurers, re-insurers, the capital market as well as governments
(World Economic Forum 2014; UNISDR 2015). For all these reasons, many modeling
approaches have been developed in recent years to assess and ultimately manage
catastrophe risk (usually called catastrophe modelling approaches, see Grossi and
Kunreuther 2006 for an introduction).
However, few studies so far (e.g. Jongman et al. 2014) have explicitly incorporated
the risk dependent nature of hazard events into their assessment. Simply put, due to
atmospheric conditions some hazards, including floods and droughts, are not always
just local spatially limited phenomena but can affect large regions at once. The flood
events in 2002 as well as the heat waves in 2003 in Europe can serve as prominent
examples here. Consequently, neglection of (tail) dependencies may lead to a serious
underestimation of risk, including the underestimation of economic consequences, as
well as wrong selection of management options (as they will likely fail when they are
most needed, see Hochrainer-Stigler et al. 2017). As suggested in this article, copula
approaches are a promising way forward to take the special nature of extremes, namely
tail dependency, explicitly into account, either for extreme risk assessment (Timonina
et al. 2015), scenario generation (Kaut and Wallace 2011) or systemic risk evaluation
(Pflug and Pichler 2018). While in financial research domains copula approaches are
now well established (Kovacevic and Pflug 2015) within the natural hazard domain
the copula approach is mostly applied to flood events (Jongman et al. 2014) and
no methodology exists yet for the assessment of large scale drought events. This is
problematic as droughts pose a significant challenge to farmers as well as governments
(UNISDR 2013) around the world and the situtation is expected to worsen due to
climate change in the future (IPCC 2012; Li et al. 2015).
One reason for the current lack of such modelling approaches is the fact that the
detection and modelling of extremes including climate change is extremely compli-
cated and current methods applied are focusing on average changes on very localized
scales that do not incorporate regional dependencies (Zhao and Dai 2016). However,
averages do not give any indications of possible extreme risks that could realize and
are less usefull for risk management considerations, including economic evaluation as
well as applying optimization techniques to reduce extreme risks (Pflug and Römisch
2007). We overcome this shortage and present an advanced computational modelling
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approach which, for the first time, is able to estimate drought risk on the country
level and can account for current as well as future climate conditions. Our suggested
methodology is built around four major challenges which need to be addressed for a
probabilistic assessment of drought risk on the country scale including non-stationarity
aspects which were, up till now, not tackled simultaneously. Firstly, extreme events
such as droughts are rare and therefore difficult to be empirically estimated in a proba-
bilistic way (Reiss and Thomas 2007). Secondly, even if enough past data is available
changes of extreme risks often need to be considered from a non-stationarity point of
view (IPCC 2012). For example, climate change impacts cannot be included via past
observations in a risk based approach for future events. Thirdly, as already indicated,
drought impacts are usually happening across regions and there need to be regional
dependencies assumed to avoid underestimation of risk, e.g. due to atmospheric con-
ditions droughts are usually not local phenomena and therefore not spatially limited
but affect large regions at once (Jongman et al. 2014). Fourthly, even if probabilis-
tic estimates on local levels are available, current approaches upscale these losses to
larger geographical areas by focusing on averages which do not give any information
on extreme risks and therefore are of limited value for risk management approaches
(Hochrainer et al. 2013; Kassie et al. 2015).
Our suggested methodology is a combination of a large scale agricultural compu-
tational modelling-, extreme value theory- as well as copula- approach. We will show
that combining regional probabilistic estimates will underestimate the full losses if
the dependencies between regions during drought events are not taken explicitly into
account. The model estimates can be used for risk management purposes, e.g. to iden-
tify monetary losses and insurance premiums. Even more important, the methodology
can provide country estimates of future drought risks under different climate scenarios.
This is policy relevant as the assessed risks can be used to determine the increasing
burden in loss sharing mechanisms (including insurance subsidies) for risk-bearers
given different climate conditions in the future. Consequently, the risk estimates can
indicate if current risk management options would be also feasible in the future or if
limits of adaptation with such kind of instruments are reached (Adger et al. 2009).
Consequently, our approach is advantageous not only methodology wise but also in
relation to policy guidance on how drought risk could be dealt with on various lev-
els over time. We employ our approach to the case of Austria which will be heavily
affected by climate change, however, the approach can be applied for all countries in
the world given some modest data requirements are met.
Our paper is organized as follows. We present the methodology in Sect. 2 and
afterwards in Sect. 3 apply the method to the Austrian case study, including a discussion
on possible applications of this approach. Finally Sect. 4 gives an outlook to the future.
The focus in the article will be on the computational and methodology aspects as well
as main results and we refer for the details to the various Online Resources provided
electronically.
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2 Methodology
One commonly distinguishes between four different drought types including mete-
orological drought, hydrological drought, agricultural drought and socioeconomic
drought (see UNISDR 2009). Our focus is on agricultural drought (hereinafter, referred
to simply as drought), which has the potential, due to dried soils, erosion and low rain-
falls, to cause large amount of losses to different risk bearers, e.g. farmers, insurance
providers and the government. The main goal of our methodology is to derive at a prob-
abilistic drought loss distribution (in monetary terms) on the country scale. By having
such a distribution various economic modelling approaches (for an introduction see
Rose 2004) and optimization techniques can be applied for the management of extreme
risk (Pflug and Römisch 2007). The four challenges already identified before will be
tackled in the following way. The first challenge of estimating extremes is solved using
extreme value theory and corresponding statistical approaches (Embrechts et al. 2013)
to estimate the fat tails of underlying distributions (or in other words get non-biased
estimators of extreme events). The methods and tools used in extreme value theory
are now well established (see Reiss and Thomas 2007). We tackle challenge two,
i.e. accounting for non-stationarity, via a bio-physical crop growth model (EPIC) to
simulate current and future crop yields under non-stationarity climate change effects
(Balkovicˇ et al. 2013, 2018). The third and fourth challenge are tackled simultane-
ously via a copula approach which can take tail dependencies explicitly into account
and therefore enable us to derive at risk estimates on the country level. The overall
methodology is shown in Fig. 1.
In more detail, in the first step, crop yield distributions are fitted based on the sim-
ulation results of the EPIC model for today and future scenarios. Given the marginal
crop distributions on the local scale, in step 2 we use a proxy of the dependency struc-
ture during drought events between regions, namely the Standardized Precipitation
Evapotranspiration Index, for modelling drought events. Finally, in step 3 we use a
copula and R-Vine approach to upscale the crop distributions to the country level,
hence taking dependencies explicitly into account. We start with the biophysical crop
model employed.
2.1 The biophysical cropmodel: EPIC
Multiple biophysical crop models are available to estimate crop growth and yield
response to changing climate and weather variability on different scales, using differ-
ent biophysical approaches (some of the models are summarized in Table 1 in Online
Resource 1). These models differ in representation of soil and crop processes as well
as management interventions. Generally speaking, the models are either (i) site-based
crop models (e.g., EPIC, DSSAT), (ii) agro-ecosystem models (e.g., LPJ-GUESS,
LPJmL, PEGASUS), and (iii) agro-ecological zone models (GAEZ-IMAGE)—see
Rosenzweig et al. (2014). Site-based models simulate dynamic interactions among
crops, soil, atmosphere and management at the field scale, while agro-ecosystem mod-
els primarily simulate carbon and nitrogen dynamics, surface energy balance, and soil
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Fig. 1 Overall methodological steps for the assessment of drought risk on the country scale
water balance. The agro-ecological zone models were developed to assess agricultural
potential at larger scales.
Within our approach we use the Environmental Policy Integrated Climate (EPIC,
Izaurralde et al. 2006, 2012; Williams 1995) bio-physical crop model as it is able to
produce crop yield time-series for today and future scenarios which can be used to
estimate crop yield distributions, essentially needed for upscaling the crop yields to
the country level without losing any risk information. Additionally, EPIC is one of the
most widely used crop models for studies on climate change impacts in the agricultural
sector (White et al. 2011).
EPIC contains routines simulating crop growth and yield formation, hydrologi-
cal, nutrient and carbon cycling, soil temperature and moisture, soil erosion, tillage,
fertilization, irrigation and plant environment control. The potential crop growth is
calculated daily from intercepted photosynthetically active radiation using the energy-
to-biomass conversion approach modified for vapour pressure deficit and atmospheric
CO2 concentration effect (Monteith 1977; Stockle et al. 1992). The potential daily
biomass increase is adjusted to an actual biomass increase through stress caused
by—inter alia—water and nutrient deficiency or when the temperature goes beyond
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the optimal range. Plant phenological development, including leaf growth, plant nutri-
ents concentration, partitioning of biomass among roots and shoots as well as yield
formation are defined by heat units accumulated over the crop’s growing season. In
EPIC, dynamic soil processes ranging from soil hydrology, including runoff, water
storage, subsurface flow, evapotranspiration, and irrigation, to soil organic matter and
bulk density dynamics are simulated (Izaurralde et al. 2012, 2006; Williams 1995),
thus accounting for harmful effects of soil water deficit. Crop yields are calculated
from the actual above-ground biomass at the time of harvest as defined by the poten-
tial and water-constrained harvest index. EPIC’s processes relevant for assessment of
climate change impact on crops were summarized in the supplementary information
of Folberth et al. (2016). More details can also be found in the Online Resource 1.
The gridded pan-European EPIC model that was used in this analysis for Austria
is explained in Balkovicˇ et al. (2013, 2018). The model was constructed by coupling
the field-scale model EPIC v. 0810 described above with large-scale data on climate,
environmental conditions and crop management practices in Europe. The final results
from the model used in our approach are annual crop yields simulated with a 1×1-km
spatial resolution. More details are presented in the Online Resource 4.
2.2 Estimation of extremes
Given the availability of crop yields, either via past data or simulation, crop risk
assessments in the agricultural literature vary from non-parametric to parametric
approaches. Parametric approaches for modelling yields are usually preferred, how-
ever, this involves the selection of various continuous distributions and estimation
of their parameters by, for example, applying maximum likelihood (ML) estimation
techniques. As in our approach one has to model several hundreds of different gridded
simulation units covering an area (from now on called SimUs, see Balkovicˇ et al.
2013) one additionally needs to employ an automatic computational accessible selec-
tion procedure from potential families of distributions. In order to find a proper (in
terms of best fit) marginal distribution that could represent crop yield risk, we consider
several families (Generalized Extreme Value distributions, Beta distribution, Gamma
distribution, Normal, Inverse Gaussian to name but a few, for a full list see Online
Resource 3).
After parameters for each SimU have been estimated using the ML method for
each of the probability distribution functions under consideration, the most appro-
priate probability density function needs to be obtained which is usually based on
some goodness-of-fit (GOF) tests. In our case, GOF measures are used to rank the
performance of each distribution. There are three classical GOF statistics, such as
Kolmogorov–Smirnov (KS), Anderson–Darling (AD) and χ2 tests, which can be used
to measure how well the distribution fits the data. Moreover, there are the Akaike
Information Criterion (AIC) and the Bayesian Information Criterion (BIC) available
which are also appropriate for model selection. These information criteria are based on
the likelihood function (i.e. they measure the deviance of the model fit) and have dif-
ferent penalty functions for overfitting. Both of them can be used in order to assess the
model fit and to compare models. They are often more appropriate than the previous
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goodness-of-fit statistics described above which have several limitations. For example,
all three test statistics described above do not penalize the distributions which have
higher number of parameters. To overcome the limitations of GOF statistics which
are used in the pre-selection process, the AIC and BIC information criteria are finally
used for selection, given the significance of the other GOF tests.
2.3 The copula model I: a proxy for spatial and crop yield dependency
To detect dependencies between different SimUs (simulation units, usually the 1×1
area or grid cell) a proxy is needed due to two reasons. First, not enough empirical
data on crop yields is available on this granular scale and second, the simulations
from EPIC in each SimU are independent from each other (hence, cannot be used
as a proxy for dependency itself). Several indices are suggested in the literature for
droughts and we refer to the Online Resource 2 for a selection of the most often ones
used in the literature. We selected a very much accepted one, namely the Standard
Precipitation Evapotranspiration Index (SPEI, Vicente-Serrano et al. 2010) to estimate
the vulnerability of crop yields due to drought events (van Oijen et al. 2013). The SPEI
values were calculated for every SimU and climate scenario with monthly time steps.
The dry years are identified as years with the mean SPEI (calculated from Corn sowing
to maturity) of less than −1, while normal years are with SPEI≥−1. The SPEI index
within a copula model can be used to determine the spatial dependency of drought
events and reproduce past drought events well (see Online Resource 2). However, one
additionally needs to test if low SPEI values actually lead to low crop yields. Due
to several reasons, e.g. irrigation or soil conditions, not all SimUs necessarily need
to show dependency in crop yields during drought events as determined by the SPEI
index. For our further analysis, we therefore only selected those SimUs as dependent
which showed a significant dependency between low crop yields during droughts in the
past (in terms of low average yields during low SPEI events). We created additional
indices, to guarantee the selection of SimUs, which are interdependent in both the
SPEI index and corresponding crop yields. In more detail, SimUs are considered to be
interdependent in both SPEI and crop yields, if the average crop yield during a long-
term dry climate is lower than the expected value. Given the availability of a proxy for
spatial and crop yield dependency it is possible to create R-Vines which essentially
model the dependency structure (the copula itself measures the dependency strength)
which is described next.
2.4 The copula model II: selecting copulas and the copula structure
The necessity to incorporate regional interdependencies for the correct risk estimation
and therefore appropriate risk management arises naturally from the hazard phenom-
ena which are essentially not local, and leads to the use of copula-based approaches
(Nelsen 2006). Copula-based approaches are applied in different fields from technol-
ogy to finance (Choros-Tomczyk et al. 2013; Choros-Tomczyk et al. 2014; Jaworski
et al. 2012; Jaworski et al. 2009). However, only recently they were suggested as a pos-
sible way to derive natural disaster risk estimates at larger scales (Hochrainer-Stigler
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et al. 2013; Timonina et al. 2015; Borgomeo et al. 2015). In mathematical terms for
agricultural applications, the total crop yield (e.g. in tons of dry matter) after a drought
event is the sum of crop yields in the individual regions (SimUs) that were affected
by the drought:
Y  Y1 + Y2 + . . . + YN
Yi  yiwi ,∀i  1, . . . , N ,
where each Yi ,∀i  1, . . . , N , represents the crop yield in a particular region SimU
i and where yi is the crop yield per hectare in region i with wi > 0 being the area of
i in hectares (which is usually provided in the form of land use maps). The main task
is to calculate the joint probability crop yield distribution.
F(x1, . . . , xN )  P(Y1 ≤ x1, . . . , YN ≤ xN )
for an entire area (i.e. all N regions. However, for dependent risks it is not enough to




of Yi ,∀i  1, . . . , N , (or, equivalently, of yi ), but one needs also the information on
dependency between regions given an extreme event in one region occurs. The copula
concept is extremely useful in such cases. A copula is defined as:
Definition (Nelsen 2006): Copulas are distribution functions on [0, 1]d , d ≥ 2, with
standard uniform univariate margins.
If interdependencies between regions can be expected (Timonina et al. 2015) one
can use a copula C(x1, . . . , xN ) model so that
P(Y1 ≤ x1, . . . , YN ≤ xN )  C(F1(x1), . . . , FN (xN )),
where Fi (x)  P(Yi ≤ x) are marginal distributions. In other words, the total crop
yield distribution F can be calculated by the coupling of marginal loss distributions of
Y1, . . . , YN over the copula C . We refer for additional details to the Online Resource
3. It is important to allow for different dependency structures via different copula
types and we included a range of families from the Archimedean type but also allow
for independencies as well. For example, the Clayton copula has a heavy left tail
concentration, and consequently can be used to describe the dependency between low
crop yields across regions. For θ ∈ (0,∞) the Clayton copula function is given by:
CCθ (u, v) 
(
u−θ + v−θ − 1)−
1
θ ,
where u and v are uniformly distributed random variables on the interval (0, 1). Another
important copula is the Gumbel copula which is an extreme value copula, especially
valuable as one can construct multivariate extreme value distributions. For θ ≥ 1 the
following dependency structure is assumed by the Gumbel copula:
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CGθ (u, v)  exp
(





The Gumbel copula has the property of upper tail dependence. A flipped copula
means that the copula is rotated by 180 degrees (Jongman et al. 2014). Flipping the
Gumbel copula therefore produces a copula which is showing left tail dependencies. In
other words, in case of drought risks and yield distributions, the Flipped Gumbel copula
would emphasize the non-linear dependency among low crop yields (i.e. drought). For
more information on the copula types used we refer to Online Resource 3.
Given the strength of the dependency being estimated for different copula types one
additionally needs a copula structure in order to simulate the dependency on arbitrary
dimensions. We suggest using the concept of vine copulas that allows incorporating
dependencies not only between all pairs of regions, but also in between all sequences of
more than two regions. Vine copulas are a well-known tool to obtain joint distributions
for N interdependent variables (Bedford et al. 2002; Kurowicka and Cooke 2006;
Kurowicka and Joe 2010). Vine copulas combine (conditional) bivariate copulas of
arbitrary types into an N -dimensional copula in the following way:













where fi (xi ) are marginal crop yield densities for each SimU i , ∀i  1, . . . , N . For
example, in the case of 3 regions, one can first construct a joint distribution for regions
1 and 3 as well as regions 2 and 3 using bivariate copulas C1|3 and C2|3 and afterwards
combine these two joint distributions with the conditional bivariate copula C12|3. This
can be generalized to arbitrary dimensions (see Online Resource 3 for more details).
Numerically, the use of vine copulas can be inefficient for high dimensional cases, as
the number of possible pair-copula constructions grows rapidly, i.e. when the number
of dimensions gets higher. In order to organize all the decompositions, Bedford and
Cooke (2002) introduced graphical models denoted regular vines (also referred to as
R-vines). In general, a vine is a nested set of connected trees where the edges of one
tree are the nodes for the next tree (see Online Resource 3 more information). The
concept of R-vine copulas for N variables requires the construction of a sequence of
N − 1 trees. Each tree is constructed in an iterative manner so that
(a) edges in tree j become nodes in tree j + 1;
(b) two nodes in tree j + 1 are joined by an edge, if the corresponding edges in tree
j share a node.
The use of R-vine copulas is possible, if the initial dependence structure satisfies
the regular vine condition, meaning that there is a unique sequence of edges between
each two nodes in the interdependence graph (see Online Resource 3) and we used
this approach for upscaling the drought risks as discussed next.
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2.5 Upscaling drought risks
After the establishment of the necessary ingredients the following algorithm below
summarizes the upscaling of the crop yields to the country level:
Algorithm 1: Upscaling crop yields to the naonal level.
Step 1: Divide SimUs  into two parts: ﬁrst (denoted by ) of those SimUs, which show 
dependency between low crop yields and drought events, and second (denoted by )  
SPEI indices of independent SimUs;
Step 2: Transform both and into pseudo-observaons in the unit square [0, 1];
Step 3: Determine the nested tree structure  (R-vine) for 
Step 4: Simulate dependent uniform random variables for each unique SimU in and in 
; and combine them to obtain random vectors corresponding to all i=1,..N;
Step 5 : Upscale crop yields from local to naonal level in the following way:
where are the areas in hectares of all the regions (SimUs) and are the 
inverse marginal distribuons of crop yields.
In step 1 we first distinguish between two sets of SimUs, one set includes all SimUs
which show dependency between crop yield and SPEI and the other set which shows
no dependency between them during droughts. The transformation in step 2 is needed
as the marginal distributions of the SPEI are unknown and consequently the copula
density must be estimated based on pseudo samples. Only the set which shows a
relationship between SPEI and crop yields is used to estimate the copulas and R-Vine
in step 3. The actual calculations of joint distributions in step 4 are based on a simulation
approach using random sample techniques. Using the inverse transformation method
in step 5 based on the estimated marginal distributions from the EPIC data the related
crop yields are upscaled.
2.6 Data used
As indicated, we used the pan-European EPIC model powered by gridded informa-
tion on soils, terrain, cropland distribution and Corn management practices, including
sowing date, length of the growing season, fertilization and irrigation schedules and
cultivar definition, as described by Balkovicˇ et al. (2013)—see Online Resource 4. As
climate input we have looked at a total of five bias-corrected regional climate projec-
tions from the European branch of the Coordinated Regional Downscaling Experiment
program (EURO-CORDEX) developed in the Quantifying Projected Impacts Under
2 °C Warming project (IMPACT2C, http://impact2c.hzg.de) to drive crop yield projec-
tions in this study (all are RCP 4.5 scenarios, for more information we refer to Online
Resource 4) The set of EURO-CORDEX climate projections (Jacob et al. 2014) was
bias-corrected for minimum and maximum daily temperature, precipitation and solar
radiation in the IMPACT2C project, ranging from 1971 to the end of century. For
future climate change we focus on mid-future period of 2050 in this analysis. For
example, Fig. 2 shows changes in the growing season temperature for 2050s relative
to the historic period (1971–2000) which is used as an input for our agricultural model.
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Fig. 2 Change in mean growing season temperature (T, in %) in the 2050s relative to the historic period
(1971–2000) calculated for individual climate change projections and the ensemble mean (AT11: Burgen-
land, AT12: Lower Austria, AT13: Vienna, AT21: Carinthia, AT22: Styria, AT31: Upper Austria, AT32:
Salzburg, AT34: Vorarlberg)
The SPEI index that is used as a proxy to detect spatial dependency between different
SimUs was based on historical meteorological data from the Joint Research Centre’s
Gridded Agro-Meteorological Data in Europe database available at a 25 km grid
resolution (http://agri4cast.jrc.ec.europa.eu), ranging from 1980 to 2015. The SPEI
data was spatially linked to SimU-based crop yield simulations from the EPIC model
for the current situation. Summarizing, data requirements are relatively modest, i.e.
an EPIC model calibrated to a given country for the current and future climate and
SPEI indices on the same scale as the SimU crop yield data.
3 Results
We first present some background information of our case study. Agricultural wise
1.35 million hectares of land are classified as arable land (almost 50 percent of the total
agriculturally used area of 2.76 million hectares) in Austria. It is mainly located in the
eastern parts of the country (while grassland tends more to be located in the western
part). Major land area cultivates grain, namely 900.000 hectares and it is the major
line of domestic plant production. Focus of domestic plant production is on crops with
around 790.000 hectares (including Corn). Around 300.000 hectares are used for Corn,
which is the focus in our study and the second major crop in Austria. On an aggregated
scale other crops are of minor importance, nevertheless, very important for specific
farming types, including small-scale farmers. How climate change will alter drought
risk on such large levels is largely unknown. A full sectorial analysis on some impacts
and costs from a mostly non-risk perspective was performed recently within the COIN
project (Costs of Inaction). The results can be found in Steininger et al. (2017) who
analysed climate change projections of the A1B scenario. Another prominent source
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for climate change impacts is the Austrian Assessment Report Climate Change 2014
(AAR14) which gives a summary of all research done in the respective fields for the
case of Austria and under the specific context of climate change. None of these reports
presented drought risk and its effects due to climate change from a probabilistic large
scale perspective as applied in our case. Like in the methodology section we present
results first from an agriculture crop simulation perspective, afterwards showing the
results in the form of crop distributions and finally the upscaling results to the country
level.
3.1 Crop simulation
As indicated, pan-European EPIC was used to estimate regional crop yields in Austria,
for the Business As Usual (BAU) scenario. In this paper we focused on Corn, however,
it is not restricted to this specific crop. In more detail, the BAU scenarios represent
fertilization around the year 2000 (Balkovicˇ et al. 2013). Overall, the sub-national crop
yield estimates are in a good agreement with historical yields reported by EUROSTAT,
with all simulated yields within the 20% confidence interval (Fig. 3 in Online Resource
4). Regional crop yield projections driven by the EURO-CORDEX ensemble are
presented again in the Online Resource 4 as our focus is not on the sub-national
but country level. However, summarizing the results for Corn, average yields would
increase, especially in higher altitudes, where the crops would likely benefit from
alleviated low temperature limitations. However, a higher yield vulnerability of more
than 20% was estimated in areas in the Pannonian zone, namely in Burgenland and
Lower Austria. In Lower Austria, the vulnerable yield exceeded 40% for Corn (Fig. 5
in Online Resource 4). The results indicate that Corn may suffer serious yield damage
in case of droughts in these regions (however, as indicated the results are based on
averages). Similarly, though less intensive vulnerability is estimated for Burgenland.
Other regions of Austria are much less vulnerable. Such differences in risk on the local
level can now be explicitly incorporated within a country level perspective. Crop yield
simulations from 1971 till 2100 under the respective model scenarios were calculated
on a 1×1 km pixel level.
3.2 Crop distribution
Based on the EPIC crop yield simulations the crop distributions were fitted for today
(using the time series from 1971 to 2010) and the future 2050 (using time series
from 2041 to 2070). For indicative purposes Fig. 3a and b demonstrate Corn yield
distributions for a specific simulation unit in Austria (SimU54) for time horizons
1971–2010 and 2041–2070 ranked by the AIC criterion. One can see that the marginal
distribution for the future (2041–2070) is skewed and has heavier left tail, which means
that the risk of lower yields is increasing in time. The AIC corresponding to the Weibull
distribution of Fig. 3a is equal to 148.8, while the AIC of the Extreme Value distribution
corresponding to Fig. 3b is equal to 123.5, indicating that the future fit is at least as
good as the current one.
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Fig. 3 Current a and future b crop yield distribution for Corn in SimU54, model CSC-REMO2009/MPI-
ESM-LR. a Time horizon: 1971–2010, b time horizon: 2041–2070
Fig. 4 Current corn yield distributions based on different dependency assumptions. Model CSC-
REMO2009/MPI-ESM-LR
The approach was adopted for all SimUs (707 in total) and the risk based information
on the very local level was used as the input to upscale risk to the national level using
the copula approach as discussed. The information of all selected distributions, test
statistics and information criteria for all SimUs can be provided upon request from
the authors.
For determining possible ranges of risks we additionally performed calculations
for fully interdependent and fully independent situations. The fully interdependent
approach considers all SimUs in Austria as dependent on each other, regardless of the
SPEI value and of a possible absence of the long-term influence of drought on crop
yields. It therefore presents an upper bound on risk. The fully independent approach
considers all SimUs in Austria as independent from each other, regardless of SPEI
dependency or crop yield dependency in the region. It therefore presents a lower bound
on risk. As indicated in Fig. 4 the fully independent approach underestimates the risk
of droughts in Austria while the fully interdependent one overestimates risk.
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As one can see the underestimation of risk assuming independency is quite signif-
icant, e.g. on average around 20 percent compared to the copula approach. However,
more importantly, the underestimation of risk gets especially pronounced for extreme
events.
3.3 Copula and upscaling results
Applying the multi-regional approach to the study of crop yields in Austria, we have
estimated current and future crop yield probability distributions on the national scale.
The risk is described in terms of quantiles corresponding to 2-, 5-, 10-, 50-, 100-,
250-, 500, 1000-year events for Corn. The average production for the ensemble mean
is around 5.2 million tons which is a little bit higher than the 5.1 million tons of
Corn (average over the last 5 years). The future Corn yields increase significantly on
average in the future due to climate change, however, our risk perspective gives a more
worrying picture if one compares yields for different return periods. It can be noted that
such an analysis would not be possible if not a risk based approach as ours is applied.
For example, a 500 year event (i.e. low yields which happen approximately every
500 years on average, e.g. a very extreme event) would cause total yields around 15
percent lower compared to the average. A comparison with the future yields indicates
that while the average is higher in this situation, the 500 year event would decrease
by of more than 22 percent. In other words, while larger averages can be expected in
the future there seems also to be larger fluctuations compared to the current situation,
i.e. more and larger extremes.
Rather than presenting the crop yield distribution we want to demonstrate an impor-
tant risk management application if such information is available, namely, how large
the current and future fiscal risk for the government would be if it participates in insur-
ance schemes providing assistance in case of droughts. As planned by the finance
ministry in Austria, current and future risk management strategies should support
insurance schemes by subsidizing it by 50 percent. Assuming that the insurance scheme
is providing relief for all yields below the average, and using the 5 year average price
for 1 ton of Corn, one can calculate the expected costs given that the yields are below
the average. We use the 5 year average of Corn price (recognizing the large fluctua-
tions which need to be additionally addressed) to be around 175 Euros per ton. In the
case of a 50 year event the government would step in with around 69 million Euros
and costs would increase to around 103 million Euros in 2050. For a more extreme
event such as the 500 year event costs today for the government would be 94 million
Euros and would increase to around 155 million Euros in 2050. Table 1 presents the
risk based costs to the government participating in a subsidized insurance scheme for
Corn for today and the future.
These numbers give a detailed picture on drought losses from a country level per-
spective and can also advice future risk management strategies for the government
as well as insurance providers in more detail, e.g. backup capital needed for extreme
events. For example, the actuarial fair premium for the government subsidizing insur-
ance would be around 13.4 million Euros today and would increase to around 19.9
million Euros in the future. Applying a 250 year event as a reference point for determin-
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Table 1 Current and future (2050) costs (in million Euros) of financing 50 percent of Corn yield losses




Ensemble mean [min max] Ensemble mean [min max]
5 25 [18 34] 33 [25 46]
10 42 [30 57] 58 [45 81]
20 55 [40 75] 79 [62 111]
50 69 [50 93] 103 [81 144]
100 78 [56 105] 120 [95 167]
250 88 [63 119] 140 [112 193]
500 94 [68 127] 155 [128 212]
1000 100 [72 135] 175 [161 228]
A. fair premium 13.4 [9.7 18.3] 19.9 [15.7 27.8]
Mean Ensemble and Business as usual scenario, minimum and maximum values due to model ambiguity
and corn prices in brackets
ing necessary backup-capital for the government it would be around 88 million Euros
today and 140 million Euros in the future. The results in Table 1 are based on the mean
ensemble runs and there is the question how sensitive the results are in regards to model
ambiguity as well as prices. Especially in the insurance context model ambiguity gets
increasingly important and should be looked at (Pflug et al. 2017). Additionally, crop
yield prices in a given year play a crucial role in regards to sufficiently compensate
farmers to avoid their bankruptcy. We therefore re-run the modelling approach for
each of the 5 different climate projection models as well as prices for Corn in the last
5 years. We included in Table 1 the minimum as well as maximum costs using the
minimum crop yield losses over all models as well as minimum and maximum prices
of Corn in the last 5 years. As one can see costs can considerably increase due to
these uncertainties, however, it should be also noted that the largest part of increase or
decrease is due to prices (around 80 percent of respective changes). Consequently, due
to model ambiguity insurance premiums may be considerably higher than presented
here (Pflug et al. 2017) and price effects will play an important role for such insurance
arrangements.
3.4 Limitations
There are considerable uncertainties involved in our methodological approach. First of
all, our results cannot reduce the uncertainties in respect to climate change modelling
as well as biophysical crop modelling (e.g. Balkovicˇ et al. 2018) as they are regarded
as input parameters. We accounted partly for model ambiguity in regards to climate
change projections, however, we did not include other possible agricultural crop mod-
els to account for model ambiguity in regards to crop projections. Secondly, within
our model, the copula approach assumed the same spatial dependencies for today and
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the future. This has mostly to do that SPEI future indices are not available and can be
very different across modeling efforts. Nevertheless, there is the possibility to change
the copula parameters to make some sensitivity tests on crop yields under different
dependency structures (see for example as a possible application Borgomeo et al.
2015). Thirdly, prices of crops fluctuate widely and while we used average crop prices
these fluctuations need to be taken into account. Again, some sensitivity tests were
performed by us but crop prices are based very much on worldwide market prices, and
therefore a global agricultural price modeling approach, such as the Global Biosphere
Management Model (GLOBIOM, Havlik et al. 2014) or others, would be needed here
to take this into account. Last but not least, for extreme events data is scarce and there
is the need to provide crop yield simulations and respective climate change scenarios
with a special focus on extreme events. All of these challenges are possible to be
considered in the future within our framework, however, will require some efforts to
be solved.
4 Discussion
In this paper we presented a large scale computational approach how to derive proba-
bilistic drought risk estimates on the country level. Importantly, this approach is able
to incorporate future climate change impacts from a risk-based perspective. To the
authors best knowledge this is the first time that such assessment was carried out using
a computational modelling and risk based approach. The EPIC crop yield simulation
results were used to estimate probabilistic distributions of crop yields which were
upscaled to the country level using a copula approach. This enabled us to calculate
a loss distribution which can be used for various risk management approaches. For
example, we calculated a cost curve for the government participating in insurance
schemes. We found that the incorporation of tail dependencies across regions as was
shown for the Austria case study is essential, as otherwise risks will be seriously under-
estimated and risk management strategies are likely to fail in cases where they are most
needed. The approach can also give a detailed picture of current and future risks and
therefore may be especially relevant for adaptation policy purposes. For example we
found that while the average corn yields would increase in the future for our climate
change scenarios also extremes will be larger and more frequent. We acknowledge
that not all agricultural production related risks can be covered with this approach, for
example risks due to dust storms or other hazards such as storms. Nevertheless it can
provide a more detailed assessment of risks on larger scales which is currently only
accounted for via the investigation of changes in the averages. Our approach is able to
expand this picture by providing information on the whole risk spectrum and therefore
bridges the gap between traditional and more advanced risk management strategies
(Mechler et al. 2014) important in current applied research areas (Lal et al. 2012).
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